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Abstract 
High-casualty fires (HCFs) involving  3 fatalities derived from the Fire Statistical Year Book of China and Chinese Fire Services from 
2002-2010 were analyzed. The aim of this study was to investigate the time-scaling properties of HCFs. The time-scaling properties were 
detected by means of Fano Factor (FF), Allan Factor (AF) and detrended fluctuation analysis (DFA). The results of FF and AF show that 
the HCF sequences with death  3 and death  4 exhibit obvious time scaling behavior after the fractal onset times. The scaling exponents 
of FF and AF decrease significantly with increasing fatality, which reflects that HCF sequences with more fatalities tend to behave as 
Poisson process. The sequence of HCFs with death  6 can be considered as a Poisson process according to the comparison of FF (AF) 
curve and Poissonian 95% confidence curve. The DFA scaling exponent of HCF sequence involving fatality  3 is approximate 
0.551±0.005, indicating that this sequence exhibits long-range correlations. With the increase of fatality threshold the DFA scaling 
exponent gradually decreases to about 0.5, which reflects that the HCFs with high fatality levels are likely to be uncorrelated. Furthermore, 
the sequence of HCFs with death  6 can be regarded as uncorrelated because its DFA scaling exponent is 0.496±0.003. 
© 2013 Published by Elsevier Ltd. Selection and/or peer-review under responsibility of the Asia-Oceania Association for Fire Science 
and Technology. 
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1. Introduction 
A succession of high-casualty fires (HCFs) has occurred in China. This includes, for example, the Nov. 5, 2010 Jilin 
shopping mall fire with a death toll of 19, the Nov. 15, 2010 Shanghai high-rise building fire with a death toll of 59 and the 
Jan. 18, 2011 Wuhan fire with a death toll of 14. According to the Fire Statistical Year Book of China 2003 [1] and China 
Fire Services 2004-2011 [2-9], an average of approximately 90 fires each year resulted in three or more fire deaths from 
2002 to 2010. These high fatality fires are responsible for an estimated 423 deaths, 139 injuries and 357 million Yuan in 
direct fire loss on an annual basis. Because life is priceless, high casualties result in a great deal of human suffering.  
To lower the risk of HCFs, it is necessary to study them carefully, and fire casualties have been studied for many years. 
Examples of such studies include Corman et al. [10], Briky et al. [11], Barillo and Goode [12], Hasofer and Thomas [13], 
and Lu et al. [14]. However, the system behaviors of HCFs are barely known due to the complex interactions among fire 
dynamics, environment and demographic factors. A proper understanding of the fire regimes of HCFs is at the heart of 
effective fire prevention strategies and the accurate quantification of fire risks.  
Self-organized criticality (SOC) analysis has been used with increasing interest for applications in recent years. 
Substantial reviews of the properties of SOC have been given by Bak et al. [15-17]. SOC describes the behavior of extended 
dynamical systems that are at critical equilibrium on spatial or temporal scales. SOC behavior is characterized by steady 
inputs and outputs that form a series of events that satisfy a power-low frequency-size distribution or have a time-scaling 
property that features 1/f noise. As forest fires are typical examples of self-organized criticality, considerable efforts have 
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been expended on the power-law frequency-size distributions and time-scaling properties of forest fires [18-22]. Recently, 
the time-scaling property of city fires has been actively researched due to an increased awareness of the importance of urban 
fire safety. Wang et al. [23] studied the time-scaling properties of urban fires in Japan, and fractal onset times of one day 
and one week were found. Zheng et al. [24] investigated the long-range correlations in city fire sequences by using 
detrended fluctuation analysis (DFA). The most recent work on the time-scaling properties of city fires has been reported by 
Telesca and Song [25].  
Based on a literature survey, it appears that no previous studies have been concerned with HCFs. These studies might be 
hampered by a lack of fatality data that span a large scope and contain both size and temporal information. Whether HCFs 
exhibit time-scaling properties is of theoretical importance for fire prediction and merits consideration. With this motivation 
in mind, we decided to perform this study. According to previous work [25], the fire sequences tend to be Poisson process 
with the increase of loss threshold. However, no prior work exists on the question about the effect of fatality threshold on 
the time-scaling behavior of HCF sequences. Hence, another important objective of the present work is to investigate 
whether or not the sequence of HCFs can be regarded as Poisson as the fatality threshold increases.  
The paper is organized as follows. First, the HCF data and analysis methods are briefly described. In the following 
section, the time-scaling properties of the time sequences of HCFs are investigated with the aid of Fano Factor (FF) and 
Allan Factors (AF), and the dependence of death threshold on the time-scaling properties is considered. Then, DFA is used 
to study the time-scaling properties of HCFs. Finally, the last section concludes the entire work.  
2. Data and method 
2.1. Data 
Given the difficulty in obtaining the number of injured victims, HCFs are represented by fires with three or more 
fatalities in the present study. Only 812 fire samples with more than three fatalities are available for mainland China for the 
period from 2002 to 2010. Forest fires are excluded from the study. Despite the inherent shortcomings of fire statistics in 
China, which mainly arise from non-reporting, under-reporting, or improper reporting of fire accidents, statistics remain 
important in the study of fire prevention. Since fires with more than three fatalities are serious, these records are more 
credible and accurate than those for small fires. Most fires were located in the city or countryside; few took place in vehicles. 
In China, all fire statistics are compiled by the Fire Service Bureau and the Ministry of Public Security; therefore, the fire 
sample data used in the present work are derived from the Fire Statistical Year Book of China 2003 [1] and China Fire 
Services 2004-2011 [2-9], both of which are edited by the Fire Service Bureau and are the most official currently available 
statistics. 
 
Fig. 1. Sequence of HCFs with death  3 between 2002 and 2010. 
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2.2. Method 
Two statistical measures, the FF and the AF, have been used in previous studies to characterize the time properties of the 
fire point process [13, 14, 16]. In the present study we also use the FF and AF. To study the temporal properties of fire 
sequence, a relative counting process is created as shown in Fig. 1. The time axis can be divided into equally spaced time 
windows of interval T, and a sequence of counts {Nk(T)} is generated, where {Nk(T)} represents the number of events 
falling into the kth window. The interval T is termed the timescale. 
The FF is defined as the variance of counts for a specified timescale T divided by the mean number of events in that 
timescale [26]. The FF is written as follows: 
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in which denotes the average value. To obtain the time-scaling properties, the timescale T is increased from 5 min to 
470000 min, and a relationship FF(T)~T is obtained. The upper timescale approximate to the 1/10 of the entire period; 
higher timescales would lead to misleading results for the poorer statistics [27]. If the point process is fractal, then  
FF(T)~T exhibits a power-law form: 
 ( )FF T T α∝                                                                                             (2) 
where the scaling exponent α  satisfies 0 1α< < . 
The other measure, AF, is defined as the variance of counts for a specified timescale T divided by twice the mean number 
of the events in that timescale [28]. AF can be formulated as follows: 
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Similarly, if the point process is fractal, then AF(T)~T exhibits a power-law form as follows: 
 ( )AF T T α∝                                       (4) 
where the scaling exponent satisfies 0 3α< < . 
In order to check the significance of such behavior and verify that the obtained FF (AF) curve is significantly 
distinguished from that obtained by Poissonian sequence, characterized by identical mean interevent time and identical 
number of events, we generated 100 Poissonian sequences. To each simulated Poissonian sequence the FF (AF) were 
applied. For each timescale the 95th percentile among the FF (AF) values for that timescale was calculated. The final 95% 
confidence FF (AF) curve was given by the set of 95th percentiles [27]. Although the 95% confidence level is a quite 
subjective choice, it is useful to investigate the statistical difference between clusterized dynamics and Poissonian dynamics.  
The DFA method [29-31] works on a sequence ( )x i  where i  = 1, …, N , and N  is the total number of samples. The 
computation procedure is briefly described as follows. Firstly, the sequence ( )x i  is integrated 
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where x  is the mean value of x . Secondly, the integrated sequence ( )y k  is divided into boxes of equal length n . Thirdly, 
( )y k  is fitted using a polynomial ( )ny k  in each n -size box, and the polynomial represents the trend in that box. Fourthly, 
we detrend the integrated sequence, ( )y k , by subtracting the local trend, ( )ny k , in each box. The root-mean-square 
fluctuation of this integrated and detrended sequences, ( )F n , is calculated by  
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Finally, the above procedure is repeated for all the available scales ( n -size box) to obtain a relationship between ( )F n  
and the box size n . Commonly, ( )F n  will increase with box size n . A linear relationship on a double log graph indicates 
the presence of scaling. ( )F n  and the box size n  can be written as 
 ( ) dF n n                                         (7) 
The DFA scaling exponent d  quantifies the strength of the long-range power-law correlations of the sequence: if d = 0.5, 
the sequence is uncorrelated; if 0.5 < d < 1.0 the sequence exhibits long-range power-law correlations such that a large 
(small) value (compared to the average) is more likely to be followed by a large (small) value; if 0 < d < 0.5 the correlations 
of the sequence are antipersistent long range correlations, which means that a large (small) value (compared to the average) 
is more likely to be followed a small (large) value; if d   1.0, correlations exist but cease to be of a power-law form.  
 
Fig. 2. Fano factor analysis performed on the HCFs with (a) death  3, (b) death  4, (c)  death  5 and  (d) death  6. 
3. Results and discussion 
3.1. Fano factor 
Figure 2 presents the log-log plot of FF. From Fig. 2(a), it is apparent that FF is well represented with power-law 
distributions from approximately 30000 min. The onset time, T = 30000 min, is called the fractal onset time and refers to the 
lower limit for distinct scaling behavior [32]. As the timescale increases, the curve of FF (T)~T exhibits piecewise linear 
behavior. When 30000 min  T  230000 min, the scaling exponent is = 0.54 0.02α ± . The early flatness up to about 1000 
min indicates a Poissonian-like behavior of the sequence for the small timescales. The intermediate timescale region 
between 1000 min and 30000 min can be considered as a “transfer” timescale region between the two opposite behaviors, 
from Poissonian to clusterized dynamics. The 95% confidence curve obtained from the 95th percentiles of 100 random 
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Poisson surrogates is shown in Fig. 2(a) as well. In the present work we used such choice to evaluate the significant 
similarity or dissimilarity between the FF curves of the original and Poisson surrogate series. By reference to Fig. 2(a), the 
FF curve is significantly different from those obtained by Poisson surrogates within the scaling range; therefore, the scaling 
behavior of the HCFs with death  3 is significantly non Poissonian.  
 
Fig. 3. Allan factor analysis performed on the HCFs with  (a) death  3, (b) death  4, (c) death  5 and (d) death  6. 
 
Fig. 4. Results of the detrended fluctuation analysis for the HCF sequences with four different fatality thresholds.  
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The FF result of HCFs with death  4 is shown in Fig. 2(b). It is apparent that FF is well represented with power-law 
distributions from approximately 20000 min. This onset time is earlier than the onset time of HCFs with death  3. When 
20000 min  T  230000 min, the scaling exponent is = 0.49 0.01α ± . The scaling exponent of HCFs with death  4 is 
slightly less than HCFs with death  3, indicating HCFs experienced death  4 more tend to Poisson sequence. With 
reference to Fig. 2(b) we can see that the FF curve is greatly different from those obtained by Poisson surrogates within the 
scaling range. As a result, the scaling behaviour of the HCFs with death  4 is clearly non Poissonian.  
The FF results of HCFs involving death  5 and  6 are shown in Fig. 2(c) and Fig. 2(d) respectively. It is clear that the 
scaling behavior of HCFs involving death  5 is relatively weak when comparing with HCFs with death  3 and death  4. 
The FF curve of HCFs with death  5 dose not exhibit piecewise linear behavior, and we cannot get a reasonable scaling 
exponent. Nevertheless, the FF curve is slightly higher than the Poissonian 95% confidence curve, which implies the 
sequence of HCFs involving death  5 still shows a super-Poissonian behavior. According to Fig. 2(d), the sequence of 
HCFs with death  6 seems to be a Poisson sequence, because the FF curve of original sequence is lower than the 
Poissonian 95% confidence curve. In fact, the 95% confidence curve obtained by applying the Poissonian surrogate method, 
can be considered as a sort of top enveloped (extreme values) of original data [27].  
3.2. Allan factor 
Figure 3 depicts the results of the AF analysis. By reference to Fig. 3(a) we can see the scaling region of HCFs with 
death  3 is visible with a scaling exponent of =0.84 0.04α ±  when 63000 min  T  173000 min. In Fig. 3(b), the scaling 
region of HCFs with death  4 is visible with a scaling exponent of =1.04 0.07α ±  when 90000 min  T  175000 min. In 
both Fig. 3(a) and Fig. 3(b), the r-square values of two fitting line are 0.73 and 0.69 respectively, indicating these AF curves 
do not exhibit very piecewise linear behavior. The main reason for this is that the number of HCFs is small. Anyway, the 
AF curves are obviously distinguished from the Poissonian 95% confidence curves, and this indicates that the sequences of 
HCFs with death  3 and death  4 are not Poisson sequence. The sequence of HCFs involving death  5 is tend to be a 
Poisson sequence, because its AF curve has some overlap with Poissonian 95% confidence curve based on Fig. 3(c). 
According to Fig. 3(d), the sequence of HCFs with death  6 is a Poisson sequence, since the AF curve of original data is 
almost enveloped by the Poissonian 95% confidence curve over whole timescale. Consequently, the HCF sequences tend to 
be Poisson process with the increase of fatality threshold, which is consistent with the result obtained from FF.  
3.3. Detrended fluctuation analysis 
We applied the DFA to the hourly time series for scale n from 4 to 1/4 of the length of the series. Fig. 4 gives the DFA 
results of HCFs with different death threshold 3, 4, 5 and 6. For HCFs with death  3, the scaling exponent d  is 0.551 ± 
0.005, which implies this sequence presents long-range correlations. In other words, a fire with high fatality levels 
(compared to average) is more likely to be followed by fire with high fatality levels and vice versa. In the work conducted 
by Telesca and Song [25], the DFA scaling exponent of city fires is 0.68±0.02 (first scaling region) and 1.03±0.02 (second 
scaling region). It is apparent that the DFA scaling exponent values of HCFs with death  3 is significantly less than the 
values of general city fires. This dissimilarity reflects the time scaling properties of HCFs is different with the properties of 
general city fires and the sequence of HCF tends to be uncorrelated.  
In order to investigate whether or not the DFA scaling exponent is influenced by fatality threshold, the DFA is applied to 
HCF sequences with death  4, death  5 and death  6. The result is shown in Fig. 4. As the death threshold increases, the 
scaling exponent d  gradually decreases from approximate 0.551 to 0.496, indicating that HCF sequences with high fatality 
levels are likely to behave as Poisson process. The scaling exponent of sequence of HCFs with death  6 is 0.496 ± 0.003, 
implying this sequence is uncorrelated. This result is consistent with the results obtained from FF and AF results that the 
sequence of HCFs with fatality  6 is a Poisson process. The Poisson process is no memory (the arrival of one event (or not) 
has no influence whatever on the arrival of a later one), and the events in Poisson process are uncorrelated. 
4. Conclusions 
Analyzing past fire accidents enables an understanding of the ways in which accidents occur and provides useful inputs 
for the development of prevention strategies. The analysis performed in the present study aimed to investigate the time-
scaling properties of HCFs from 2002 to 2010 in China. Time-scaling properties are detected by using the FF, AF and DFA. 
Based on the results of FF, the fractal onset times of HCFs with death  3 and death  4 are approximate 20000 min and 
30000 min respectively; according to AF curve, the fractal onset time of above two sequences are about 63000 min and 
93000 min respectively. After the onset time, these two sequences exhibit obviously time clustering behavior. With the 
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increase of fatality threshold, the HCF sequences tend to be Poisson sequence. The sequence of HCFs with death  6 can be 
considered as a Poisson process based on the comparison of FF (AF) curve and 95% confidence curve obtained from the 
95th percentiles of 100 simulated Poisson surrogates.  
The sequence of HCFs involving fatality  3 presents long-range correlations because of the DFA scaling exponent d is 
0.551 ± 0.005. The result of long-range correlations indicates a fire with high fatality levels (compared to average) is likely 
to be followed by fire with high fatality levels and vice versa. As the death threshold increases, the DFA scaling exponent d 
gradually decreases to about 0.5, which means HCF sequences with high fatality levels tend to be uncorrelated. Since DFA 
scaling exponent of HCF sequence with death  6 is 0.496±0.003, this sequence can be regarded as uncorrelated. 
The most important finding in the present work is that the sequence of HCFs with death  6 is a Poisson sequence. This 
result can be used as input for risk assessment and prediction models. For instance, if the occurrence rate λ  of HCFs with 
death  6 is obtained based on fire statistics, then the probability density function of the occurrence time of n th HCF with 
death  6 follows a gamma distribution with parameters n  and λ . 
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